Introduction
In an increasingly globalized world, the relationship between firm performance and the extent to which a firm is internationalized is subject to ever greater scrutiny from academics and policy makers. In recent years, the general trend has been for firms to export to and import from an ever increasing number of countries and in ever greater volumes. The internationalization of firms is especially important for developing and newly industrialising countries that continue to pursue an export-led growth strategy and remain dependent to a large extent on exports for future growth and employment. A recent example is China where the common perception is that the rapid growth over the last two decades has been driven by exports to the West. However, less well documented are the benefits to Chinese firms from the process of importing raw materials and intermediate inputs from abroad. 1 The motivation for this paper is to investigate how engagement with global trade (importing and exporting) impacts firm performance and how this is influenced by firm productivity, size, ownership, the variety of imported inputs, the skill and technology content of imported products and where a firm sources its inputs. Central to our analysis is an investigation of the causal relationship between productivity and importing. That is to say, whether more productive firms decide to import (self-selection hypothesis) or whether those firms that start importing increase their productivity (learning-by-doing hypothesis). Our data consist of a large sample of Chinese manufacturing firms between 2002 and 2006. We chose to study China and the period immediately after China's 2001 entry into the WTO for two reasons. First, because of China's increasingly important role in the global economy and second, because this period represents the beginning of the transition of Chinese firms from relatively low skilled assembly tasks to more high technology and high value added production. It is therefore useful to understand the role of imports in this transition process.
The existing literature has tended to concentrate on the determinants of export participation categorizing firms into exporters and non-exporters (Roberts and Tybout 1997; Baldwin and Gu 2004; Ruane and Sutherland 2005; Lileeva and Trefler 2010) and on the causal relationship between exporting and productivity (Girma, Greenaway and Kneller 2004; Arnold and Hussinger 2005; Wagner 2007) . Studies specific to China have also tended to concentrate on exporting and include Kraay (1999) , Du and Girma (2007) , Yang and Mallick (2010) , Lu, Lu and Tao (2010) , Sun and Hong (2011) and Yi and Wang (2012) . A feature of these papers is that they have tended to ignore importing even though we know that a large number of exporters also import. Likewise, a significant number of non-exporters source significant levels of raw materials and intermediate inputs from abroad. Therefore, if importing increases the propensity of a firm to export, then ignoring import activity will upwardly bias the estimated premia associated with exporting.
Perhaps surprisingly, research on importing is still fairly limited certainly compared to the number of studies on exporting. Previous research on firm importing behaviour includes Halpern, Koren and Szeidl (2005) , HKS; MacGarvie (2006); Kugler and Verhoogen (2009) ; Castellani, Serti and Tomasi (2010) , CST; Kasahara and Lapham (2013) and shows that characteristics of importers tend to be similar to those export in that importers are larger (generally larger than exporters), more productive and more capital-intensive than non-importers. In terms of productivity, a positive and significant productivity differential between importing and nonimporting firms has been found by HKS (2005) and Andersson, Loof and Johansson (2008) , ALJ. Research into the impact of importing on Chinese firms is more limited with the exception of working papers by Manova and Zhang (2009) and Feng, Li and Swenson (2012) , FLS. Finally, in a related literature, a small number of studies have examined the performance of both exporting and importing firms (Bernard, Jensen and Schott 2005; Bernard, Jensen, Redding and Schott 2007; Kasahara and Rodrigue 2008; Muuls and Pisu 2009; Aristei, Castellani and Franco 2013) and find that two-way traders outperform non-traders and one-way traders (firms that only export or import) in terms of productivity and size.
Studies that investigate the direction of causality between productivity and importing, to the best of our knowledge, are limited to McCann (2009) , Vogel and Wagner (2010) and Augier, Cadot and Dovis (2013) , ACD. ACD (2013) study Spanish firms and find an insignificant productivity effect of switching to importing, although when firms both import and have a large share of skilled labour there is some evidence of a learning effect from the use of imported intermediates suggesting an absorptive capacity effect. Vogel and Wagner (2010) use German manufacturing firm data and find some evidence for self-selection of more productive firms into importing but no support for the learning effect of importing on productivity. Finally, McCann (2009) uses the Irish Census of Industrial Production to study productivity gains from international trade and finds that becoming an exporter significantly increases total factor productivity (TFP) but for firms that become importers there is no such effect.
The contribution of this paper is three-fold. First, to the best of our knowledge, this is the first paper to investigate the causal relationship between importing and firm productivity for Chinese manufacturing firms. Our approach is to merge Chinese industrial enterprise survey data with transaction-level customs data to provide a uniquely rich dataset from which to analyse the international activity of Chinese manufacturing firms. The comprehensive nature of the data means we are able to examine various aspects of the import performance relationship. More precisely, we control for the impact of firm's initial productivity, size, and ownership structure. We also distinguish imported inputs by their skill and technology content, country of origin and the number of imported varieties. Second, we measure productivity using a relatively new measure of TFP using a modified algorithm by De Loecker (2007) where firm import status is considered endogenous and introduced to all stages of the estimation procedure. This allows us to control for simultaneity and selection bias and allows for different market structures, demand conditions and factor markets for importing and non-importing firms. The introduction of import status as an additional state variable in the production function means the import status has a dynamic effect on the evolution of productivity.
2 Third, our methodological approach is to combine propensity score matching with difference-in-differences (PSM-DID) techniques to examine the relationship between firm productivity and importing behaviour using narrowly defined 2-digit industries in the matching mechanism. Such an approach means that we can control for unobserved firm level heterogeneity more effectively. It is only because our data include such a large number of firms that we have sufficient sample size to match firms at levels of detail to allow us to address questions previously overlooked.
Before we describe our methodology in detail we briefly rehearse the arguments for the selfselection hypothesis and learning-by-doing hypothesis, usually discussed from an exporting perspective, in an importing context. The self-selection argument is that firms that want to start importing have to incur sunk costs which include the costs associated with the search for information on possible inputs (for example, to find out which foreign firms in which countries can supply the required inputs), learning to navigate often complex customs procedures and having to understand tax and trade credit regulations (ALJ 2008; CST 2010) . Additional fixed costs may include quality inspection costs and those transport costs incurred by importers (ALJ 2008; Kasahara and Lapham 2013) . The self-selection hypothesis assumes that only highly productive firms can afford to incur these costs and the additional risks associated with trade and hence profit from importing. One may therefore expect firms to improve their productivity before entering into the process of importing.
In contrast, the learning-by-doing hypothesis argues that it is the very act of engaging in import activity with which firms are able to access products or inputs at lower prices, a broader range of inputs, or inputs of better quality than are available in the domestic market that helps to drive productivity growth (HKS 2005; Muuls and Pisu 2009) . It is hypothesised that importing firms are able to extract knowledge and learn about the technology embodied in the imported inputs which may eventually contribute to improved production efficiencies at home (ALJ 2008; CST 2010) . The learning-by-importing hypothesis also argues that access to foreign markets is a source of international technology transfer as firms can adopt advanced manufacturing technologies from their trading partners and engage in more product innovation at lower costs both of which boost firm-level productivity (Blalock and Veloso 2007; Goldberg, Khandelwal, Pavcnik and Topalova 2009, GKPT; Topalova and Khandelwal 2011) . The other benefit of importing is that new foreign inputs increase the ability of firms to manufacture new varieties or improve the quality of existing varieties.
3
Our main finding is of a bi-directional causal relationship between firm productivity and importing for Chinese manufacturing firms. That is to say, more productive firms self-select into the import market but that this process of importing also further enhances firm productivity. Our PSM-DID results are broadly consistent and robust to a battery of robustness checks. In contrast to McCann (2009), Vogel and Wagner (2010) and ACD (2013) we find that Chinese firms appear to have the capacity to absorb new technologies and production techniques from the high-income economies and do learn from importing which leads to a subsequent improved productivity. We also find that of all new import starters, the strongest learning effect is generally experienced by those firms with initially low levels of productivity. In terms of origins of imports, we find that new importers who import from high income countries experience greater productivity gains than those that import from lower income countries. Our results also indicate that the extent of learning by importing is positively linked to the skill and technology content of imported products and to the number of imported varieties.
The remainder of this paper is organized as follows. Section 2 presents our identification strategy and estimation methodology. Section 3 describes the data and the construction of our dataset, followed by Section 4 which reports and discusses our results. Section 5 presents a number of robustness checks and finally Section 6 concludes.
Empirical Methodology

Identification Strategy
Our methodological approach is to employ a random-effects (RE) Probit and propensity score matching with difference-in-differences (PSM-DID) techniques to identify the direction and magnitude of any causal effects between importing and firm productivity.
First, in order to test the self-selection into importing hypothesis, we estimate the propensity 3 In a related literature, recent empirical studies have found that imported intermediate inputs and/or a decline in input tariffs are associated with significant productivity gains, quality upgrading and increased exports (Amiti and Konings 2007; Kasahara and Rodrigue 2008; Acharya and Keller 2009; GKPT 2010; Amiti and Khandelwal 2013; Bas and Strauss-Kahn 2014) . of a firm entering the import market by estimating the following Probit model:
where Pr denotes the predicted probability of firm i starting to import at time t, and φ(.) is the normal cumulative distribution function. ST ART it is a dummy variable which equals 1 if firm i begins to import at time t and zero otherwise. Firm characteristics such as age, average employee wages, TFP, past productivity growth rate (pregrowth), export status, size and ownership are included in the estimation. Taking into account the past productivity growth rate is important if it is autocorrelated over time (Girma, Kneller and Pisu 2007) . If we fail to control for past productivity growth, we would mistakenly attribute a causal effect to importing on post entry productivity growth as it could be that firms that start importing were already on a permanently different growth trajectory and this is what is captured by the switch. A full set of region dummies (D r ), industry dummies (D j ) and year dummies (D t ) are also included to capture location, industry and time effects respectively. All time-variant explanatory variables are lagged by one year in order to mitigate simultaneity concerns. We expect a positive and significant effect of TFP on firms' propensity of entering the import market. The second part of our identification strategy is to discover whether there is any change in a firm's productivity growth following entry into an import market, i.e., the learning-by-doing effect. We define y it as firm i's TFP at time t and y i(t+s) as the productivity s period(s) later (s ≥ 0). The causal effect of importing on productivity of firm i at t+s can be identified by looking at the difference:
where the superscripts denote import behaviour which is equal to 1 if a firm imports at t and zero otherwise. Hence y 0 i(t+s) represents the productivity of firm i at period t+s had it not participated in import markets since time t.
The fundamental evaluation problem is that only one of the two outcomes of (2) is observable. For example, if y 1 i(t+s) , is observed for firm i, then y 0 i(t+s) , the counter-factual outcome, is not observed. This means a direct estimation of the individual treatment effect is not possible. Hence, we need to calculate the population average treatment effect (ATE) which is the difference in the expected outcomes of participants and non-participants where:
In order to identify differences in firm productivity after a firm begins to import we focus on the import starters. The average productivity effect that import starters would have experienced if they had not previously imported, i.e., the average treatment effect on the treated (ATT), is given by:
Likewise, the counter-factual which is the average productivity of new importers, E[y 0 i(t+s) |ST ART it = 1], is not observed. However, as Heckman, Ichimura and Todd (1998) , HIT point out, the average productivity of an appropriate control group of non-import starters, i.e., E[y 0 i(t+s) |ST ART it = 0], can be used as a substitute. Hence, Equation (4) can be rewritten as:
To select a valid control group we employ a matching approach. The purpose of matching is to pair each import starter with a similar (ideally, identical) firm that has never entered the import market. The first step is to estimate the probability of a firm starting to import (or the propensity score) on the basis of a set of observable characteristics as described in Equation (1).
With the estimated propensity scores, the next step is to check that propensity scores are balanced across treated and control groups. Following Imbens (2004 ), De Loecker (2007 and Garrido, Kelley, Paris, Roza, Meier, Morrison and Aldridge (2014) , GKPRMMA, we split the sample into k equally spaced intervals of the propensity scores and test within each interval whether the mean propensity score is equivalent in the treatment and comparison groups. If it is not equivalent, we split the interval into smaller blocks and test again. We continue this process until equality holds for every interval. After the propensity score is balanced within blocks across the treated and control groups, we check for the balance of each observed covariate within blocks of the propensity score. If the balance test is rejected, covariates included in the propensity score estimation can be modified, for example by recategorizing variables or including higher order terms or splines of the variables. 4 After creating a balanced propensity score, we match the import starters with a group of non-importing firms so that the estimated propensity score of a non-importing firm is as close as possible to that of a new importer. Several matching algorithms have been developed, e.g. nearest neighbour matching, calliper and radius matching, kernel matching and stratification matching. 5 We adopt kernel matching and we impose the common support condition by dropping the importing starters whose propensity scores are higher than the maximum or lower than the minimum of those persistent non-importers. In kernel matching, each treated firm is given a weight of one and control firms are weighted by the distance in propensity score from the treated firm within a range, i.e., bandwidth, of the propensity score. Kernel matching maximizes precision as more information is used than other matching algorithms by retaining the sample size as only observations outside the range of common support are discarded (GKPRMMA, 2014) . The choice of bandwidth is important which leads to a tradeoff between bias and variance (Silverman 1998; GKPRMMA, 2014) . 6 High bandwidth values yield a smoother estimated density function, therefore leading to a better fit and a decreasing variance between the estimated and the true underlying density function. However, bias arises from selecting a wide bandwidth as potentially interesting and important features of the population regression function may be smoothed away in response to the weakness of common support (Caliendo and Kopeinig 2008) . Too large a bandwidth will include control firms quite different from the treated firm. Taking these concerns into account and aiming for an unbiased estimate given the large sample size of our data (presented in the next section), we choose a small bandwidth of 0.01.
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Rather than matching across the entire manufacturing sector (GGK 2004, Vogel and Wagner 2010) , our matching is performed separately for each 2-digit industry of the manufacturing sector within each year. 8 In this way we create control groups within narrowly defined industries in the same year. This is important as firms in different industries face different technological and market conditions and the marginal effects of such variables on the propensity to enter the import market of these firms may differ substantially between different industries. Similarly, if matching is not done within a year, an import starter in the treatment year can be matched with a control firm in any year. Our large sample size allows us to achieve what we believe is the best practice.
Having constructed the control group of firms (C) that are similar to the treated firms (T) by propensity score matching, we use a difference-in-differences (DID) methodology to estimate the causal effect of importing on productivity.
A DID estimator first measures the difference in productivity before and after entry into the import market for importing firms conditioned on past performance and a set of dummy variables. However, such differences in productivity cannot exclusively be attributed to importing behaviour as post-entry productivity growth might be caused by factors that are contemporaneous with entry into the import market. The second step is to difference the differences obtained for the import starters with the corresponding difference for non-importing firms. Since DID estimates the difference before treatment it removes the effects of common shocks and hence provides a more accurate estimate.
As Blundell and Costa Dias (2000, p.438 ) point out, a non-parametric approach that combines propensity score matching with difference-in-differences has the potential ". . . to improve the quality of non-experimental evaluation results significantly". Hence, we combine PSM with DID such that the selection on unobservable determinants can be allowed when the determinants lie on separable firm and /or time-specific components of the error-term. Hence, imbalances in the distribution of covariates between the treated and control groups account for varying unobserved effects influencing importing and productivity. Our PSM-DID estimator based on a sample of matched firms is therefore given by:
where N T is the number of treated units (firms that start to import) on the common support, ∆y i is the difference in productivity before entry into the import market and s years after entry of treated firm i, ∆y j is the difference in productivity of control firm j between t and t+s and w ij is the weight placed on the control firm j in the construction of the estimated expected counterfactual outcome for treated firm i, determined by the propensity score matching algorithm, j∈C w ij = 1. As matching is always performed at time t when a firm starts importing, ∆y i(t+s) presents the productivity growth s periods after the decision to start importing compared to the year before the entry to import market.
Assessing the Propensity Score Matching Quality
An important step in the PSM approach is to assess the quality of matching. We perform several balancing tests suggested in the literature to assess the quality of our propensity score matching (e.g. Rosenbaum and Rubin, 1985; Smith and Todd, 2005; Caliendo and Kopeinig, 2008; Austin, 2009 ). We first compare the situation before and after the matching and check if any differences in means of the observable characteristics for firms from treatment and control groups remain after conditioning on the propensity score. Differences between both groups are expected before matching, but these differences should be reduced significantly after matching. A formal two-sample t-test between the treated and control groups for each variable is performed to ensure that no significant bias exists. The second test is to examine the standardized difference (SD) (or % bias) in treated and control samples for all variables used in the PSM. The lower the standardized difference, the more balanced the treated and control groups will be in terms of the variable being considered. Standardized difference for comparing means between groups are computed as follows. For continuous variables, the standardized difference is defined as:
whereX T andX C denote the sample mean of the variable X in treated and control groups, respectively, while S 2 T and S 2 C denote the sample variance of the variable in treated and control groups, respectively.
For dichotomous variables, the standardized difference is defined as:
whereP T andP C denote the mean of the dichotomous variable P in treated and control groups, respectively. Unlike t-tests, the standardized difference is not influenced by sample size. Thus, the use of the standard difference allows us to compare the balance in measured variables between treated and the control in the matched sample with those in the unmatched sample (Austin, 2009 ). There are no formal criteria specified in the literature for when a standardized difference is considered too large. Rosenbaum and Rubin (1985) suggest that a value of 20% of standardized difference is large. We follow ACD (2013) and GKPRMMA (2014) and use the same criteria.
Also as Sianesi (2004) suggests, we reestimate the propensity score on the matched sample and compare the pseudo-R 2 s before and after matching. The pseudo-R 2 indicates how well the variables X explain the participation probability. After matching there should be no systematic differences in the distribution of covariates between both groups and therefore the pseudo-R 2 should be fairly low. Furthermore, we also perform a likelihood-ratio test on the joint insignificance of all variables in the Probit model. The test should be rejected before matching and should be not rejected after matching.
Data and Descriptives
Data
The data used in this paper are drawn from two sources. The firm-level production data are from the Annual Survey of Industrial Enterprises provided by the National Bureau of Statistics of China (NBS) and the transaction-level trade data are provided by the Department of Customs Trade Statistics, the General Administration of Customs of China. We use data from both sources for the period 2002 to 2006.
The NBS data cover all state-owned industrial enterprises and non-state-owned industrial enterprises with annual sales of greater than 5 million Chinese Yuan (RMB).
10 According to the NBS industry classification, industrial enterprises refer to enterprises that operate in the mining and quarrying sector, manufacturing sector or in the production and supply of power, gas and water. The NBS survey is the primary source for the construction of numerous aggregate statistics used in the China Statistical Yearbooks. The NBS data include the firm's identification (tax code) and basic information such as year founded, location, ownership type, employment, China industrial classification (CIC) code and principle products.
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The ownership structure of firms is organized according to the shares of capital from different types of investors: domestic firms and foreign-funded firms. We group the domestic firms into state-owned enterprises (SOE), collectively-owned enterprises (COLLECTIVE) and private enterprises (PRIVATE). Foreign-funded enterprises are split into two groups, firms with over 25% of their capital controlled by Hong Kong, Macau and Taiwan (HMT) owned parents and firms with over 25% of capital controlled by foreign investors (FOREIGN) excluding HMT firms. In terms of size, we group our sample into three categories: LARGE, MEDIUM and SMALL. 12 We also group firms into one of three geographical regions, EAST, CENTRAL and WEST. The East includes the coastal area and is the most developed whilst the West is the least developed and covers a vast geographical area.
Trade data record all import and export transactions with non-zero values that enter or exit through Chinese customs. Each observation represents a shipment and contains detailed information on the time of the transaction (month and year), type of trade (import/ export), exporting/importing firm identifier, ownership type, product traded (8-digit HS code and name), value, quantity, unit, destination country (of the exported commodities) / country of origin (of the imported products), type of trade (ordinary trade, processing trade, compensation trade, consignment, etc.) and finally mode of transport.
We concentrate only on manufacturing firms (CIC13-43) and we restrict our analysis to those firms that participate in the survey for the whole period. 13 We first link the firms covered in the surveys over the period and select the firms by their IDs and names.
14 Our next step is to match the survey data with the trade data. Since the survey and trade data use different coding systems for the firm identifier, we cannot merge datasets by firm identification codes alone. Hence, we match using a number of common variables in both datasets, e.g., firm name, registration place and year of the establishment. Following BBZ (2012), we exclude observations with incomplete records or negative values of key variables such as firm age, assets, real capital stock, number of employees, output, value-added and total wages. We also drop abnormal observations if any of the following are found to be negative: net of total assets and fixed assets; net of total assets and current assets; net of total liability and current liability; net of current depreciation and accumulated depreciation. Our final sample is a balanced panel for the period 2002 to 2006, covering 43,618 firms and corresponds to 218,090 firm-year observations. Table  A1 of Appendix A provides a list of our variables and definitions. Finally, to measure TFP we use the De Loecker (2007) approach which is an extension of Olley and Pakes (1996) . Because the ownership structure of a firm may influence input decisions, ownership dummies are included in the production function. Furthermore, since firms in different industries have different factor inputs and input prices, we estimate the production function for each 2-digit industry separately rather than doing this for the entire manufacturing sector. See Appendix B for a description of how we calculate TFP following the De Loecker (2007) method. Table B1 , in Appendix B, presents the coefficients from the TFP estimation.
The Internationalisation of Chinese Firms
In this section we describe the characteristics of Chinese firms and the extent to which they engage in international trade. The firm heterogeneity and exporting literature has shown that, broadly speaking, exporters are larger, more productive, more capital-and skill-intensive and pay higher wages than non-exporters. These studies have tended to focus only on firm exporting status and categorized firms into two mutually exclusive groups, i.e., exporters and non-exporters, ignoring any import activity. However, a large number of exporters also import at the same time. Similarly, there will be a number of non-exporters who also import. Firms that export and import at the same time may perform rather differently from those that only export and ignoring import activities may lead to an upward bias in the estimated export premia. Likewise, ignoring exports may bias the impact of importing on productivity. In order to get a better picture of the international activities of the Chinese manufacturing firms, we divide our sample into four categories: exporter-only (firms that export but do not import), importer-only (firms that import but do not export), two-way traders (firms that both export and import) and non-traders (firms that neither export nor import).
First, we examine the number of firms in each category and their average output. Table 1 documents the participation of Chinese manufacturing firms in international trade. On average, between 2000 and 2006, around 70% of firms are classified as non-traders. Of the other 30%, more than half (around 17%) import and export and of the rest 7% export only and 6% import only.
15 When we consider average output, two-way traders are the largest, followed by importers, exporters and finally non-traders whose output is one-quarter that of two-way traders.
method is similar to theirs except that they first link firms over time with IDs and then match firms that might have changed their IDs as a result of restructuring, merger or acquisition using other information such as firm's name, address, industry, etc. They point out that only 4% of all matches are constructed using information of the firm other than IDs. As we use both IDs and names for matching, the fraction we exclude is small. Further details on our matching procedure are available from the authors upon request. 15 Although we are looking at SOEs and relatively large firms with annual sales greater than 5 million RMB we still find similar participation rates to those found in ALJ (2008) for Swedish manufacturing firms, Muuls and Pisu (2009) for Belgium firms and Vogel and Wagner (2010) for German manufacturing firms.
Hence, although non-traders are about 70% of the total sample, their output accounts just about 40% of total output. In contrast, two-way traders make up just 17% of total firms yet contribute to more than 40% of total output. Similar patterns are observed for individual years.
In Table 2 we compare the characteristics of firms in each trade group. Three observations stand out. First, firms that participate in international trade tend to be larger, more productive, more capital intensive and pay higher wages than non-traders. Second, among trading firms, two-way traders also tend to be larger, more productive, capital intensive and pay higher average wages than one-way traders. Third, differentiating between importers and exporters, we find that importer only firms outperform exporter only firms. These findings are in line with CST (2010) and Vogel and Wagner (2010) although CST (2010) find that importer only firms are the most capital intensive of the four groups while we find importer only firms come in a close second to the two-way traders but are still more capital intensive than exporters-only and non-traders.
Apart from the premia of importers compared to non-traders and only-exporters, we are also interested in understanding whether differences exist among importers in terms of where they source their imports, the skill and technology intensity of these inputs and the number of different varieties of inputs that a firm imports. Table 3 compares several characteristics of importers of different groups. First, we follow the classification by the World Bank and categorise the importers into two groups based on the origin of their imports. 16 One group consists of those firms that import from high income economies and the other group with firms that import only from non-high income economies. Compared to firms that import only from non-high income economies, those that import from high-income economies tend to be older, larger, more skill intensive (paying higher wages to employees) and more productive, with larger means for labour productivity and TFP mesaured by both the De Loecker (2007) and Levinsohn and Petrin (2003) methods. Second, we differentiate importers by the skill and technology content of their imported goods. 17 Perhaps not surprisingly, firms that import high and medium skill and technology intensive products are also found to be older, larger, more skill intensive and more productive than those that import low skill and technology intensive products. Finally, we group importers by the numbers of their imported varieties.
18 Likewise, firms importing two or more varieties are older, larger, more skill intensive and more productive than those that import only one variety. NOTES: Only-exporters refer to firms that export but do not import. Only-importers refer to firms that import but do not export. Two-way traders are firms that both export and import while non-traders are those that neither export nor import. Average output is measured in millions of RMB using industry deflators. (1) gives the numbers of observations of each group and their shares to the total respectively. Columns (2)- (7) provide the means and standard deviations (in parentheses) of corresponding firm characteristics. All indicators of firm characteristics are in logs.
Empirical Results
The descriptive evidence suggests that productivity for Chinese manufacturing firms differs by the type of participation in international markets. However, the existence of productivity differentials may be due to other factors related to firm productivity. Hence, the next step in our empirical investigation is to estimate the extent of any productivity premia controlling for the productivity related factors. The productivity premia for traders are estimated by regressing TFP on a set of dummy variables including trade status (non-traders are omitted as the reference group). The estimating equation is given by:
where i and t represent firm and year respectively, EXPonly (IMPonly) is a dummy variable that equals 1 if a firm exports (imports) but does not import (export), and 0 otherwise; EXP/IMP is a dummy for a firm that both exports and imports and 0 otherwise; X is a vector of control variables (including firm size, ownership, firm age, employees' average wages, industry, region and year dummies). Finally, ε is the error term. Levinsohn and Petrin (2003) method. The coefficients on the three trade status dummies are positive and highly significant (at the 1% level) and show that compared to non-traders, firms that trade enjoy higher productivity levels controlling for a set of firm characteristics. However, the degree of the productivity premia differs across the three groups. Two-way traders enjoy the largest productivity premia, followed by firms that only import. Table 2 and are in line with findings from Muuls and Pisu (2009) for Belgian firms, Vogel and Wagner (2010) for German manufacturing firms, CST (2010) for the Italian manufacturing industry and Kasahara and Lapham (2013) for Chilean manufacturing plants. The results indicate that importing correlates with high productivity for the Chinese manufacturing firms. We now move on to explore the causation between importing and productivity.
Self-selection into Importing
The next stage is to apply a RE Probit model to test the self-selection into importing for Chinese manufacturing firms. The probability of starting to import is regressed on a set of firm characteristics and other controlled variables as specified in Equation (1) and the results are presented in Table 5 where Column (1) displays the coefficients and Column (2) the average marginal effects (AME).
19 Past export experience is found to have a highly significant effect on firms' decision to enter the import market. Firm that exported in the previous year are found to have a 3% higher likelihood of starting to import in the current period. The importance of experience 19 The average marginal effects of continuous variables are computed by AM E = 1 n n i=1 φ(X i β)β and dummy is revealed by the negative coefficient on firm age. TFP, labour force skills (proxied by average wages of employees) and firm size are significant determinants of the probability of entering into import market. Larger and more productive firms and those with more skilled labour are more likely to start to import. Ownership is also found to be an important factor. Compared to SOEs (the reference group), foreign owned firms (including HMT owned) and private firm are more likely to start to import. Our main variable of interest is TFP. After controlling for other firm characteristics, firms that start to import are already more productive however, they are not necessarily on a different productivity growth trajectory. As time-varying independent variables are lagged one year, these results show a causal effect of importing and TFP for Chinese manufacturing firms: more productive firms self-select into importing. 
Learning by Importing
As described in Section 2, when matching firms in our PSM-DID procedure, we ensure that the propensity score is balanced and covariates are balanced within blocks of the propensity score across treatment and control groups. Three matching estimators are applied and after matching we test the reliability of the matching using several methods. Tables A2 and A3 in Appendix A present the results of our balancing tests to assess the quality of matching. Statistics from standardized differences, t-tests, mean and median biases, pseudo-R 2 s likelihood-ratio tests between unmatched and matched sample indicate that the quality of our PSM are satisfied. After assuring the matching to be satisfactory we proceed to make a comparison between the treated and control groups. Our PSM-DID results are presented in Table 6 . The PSM-DID results provide the causal effect of importing on TFP where the ATTs can be interpreted as percentage changes in TFP. Results from Gaussian Kernel matching with bandwidth of 0.01 are presented in panel (a). 21 The ATTs for the entry year and up to two years after starting to import are all positive and statistically significant (at the 1% level), suggesting a positive effect of importing on productivity. 22 Our results suggest that import market entrants have 10.9% higher TFP growth than matched non-importers in the year of entry. New importers also appear to experience steady and increasing productivity growth for the first two years after entry. In the year after entry, new importers have a 13.5% higher TFP growth which increases to 17.1% two years after entry. These results suggest a strong learning by importing effect for Chinese firms.
Results form two other matching estimators are also presented in Table 6 with one-to-one matching in panel (b) and nearest neighbours matching with the number of neighbours of five in panel (c). Results are similar to those obtained from Kernel matching. Since Kernel matching uses all the observations within the common support and thus maximizes precision, we use Kernel estimator for the rest of the matching estimation results described below.
First we consider the impact of firm heterogeneity in terms of initial productivity levels on learning-by-importing. In the context of exporting, Lileeva and Trefler (2010) show how the 20 Our results are robust to the estimation of a RE Probit model of entry where we control for size using a continuous variable measured as log of the number of employees. 21 Following Silverman (1998); HIT(1997), we also tried a bandwidth of 0.06 and the results are presented in Table A4 in Appendix A. We compare the results with those previously obtained using a bandwidth of 0.01 (Panel (a) in Table 6 ) and find that the ATTs are slightly higher with bandwidth 0.01, but the standard errors are very similar for both choices of bandwidth. 22 We do not look at the ATT for the pre-entry year as the quality of matching indicates no significant difference between the matched import starters and non-importers before the treatment. We are not able to look at the effects on TFP of importing three or more years after the entry due to the relatively short period of our sample. interaction between investment in R&D and access to foreign markets leads to heterogeneous responses of firms to improved market access. Testing their theoretical framework using Canadian data, they show that productivity gains of new exporters depend negatively of the initial productivity of firms. Also in the context of exporting, De Loecker (2013) shows a U-shaped relationship between learning-by-exporting and initial productivity. Our results are presented in Table 7 . Panels (a) and (b) examine firms with TFP at the sample mean or above in the initial year and those below. New importers from both groups learn from participation in imports market as ATTs are positive and significant (at 1% level). New importers whose TFP are below the sample mean have 10.7% higher TFP growth than the matched non-importers at the year of entry and keep a high TFP growth after the entry (14.7% and 19% higher for their first and second years of import market participation). New importers whose TFP is at sample mean or above show a 12.2% higher TFP growth at the year they start importing and their TFP growth rate is 13.3% and 15.9% higher than the control group. Hence, although firms that have a TFP below the mean initially have a slightly smaller productivity growth rate than those who have mean or above TFP at the entry year, these new importers display a stronger learning effect from importing afterwards as their TFP growth rates are higher in the first and second year after entry. Panels c) and d) compare firms of the first and fourth quartiles of initial TFP and confirm the result that the initially lower productive firms exhibit higher learning-by-importing effects. We also investigate whether the origin of imports has an impact on the magnitude of the learning effect. If Chinese firms import the majority of their inputs from high income economies one might expect that importers will show higher productivity gains as they are able to learn from exposure to sellers in high income markets. However, these inputs are likely to be more expensive. The PSM-DID results are presented in Table 8 . Firms that start importing experience productivity gains at entry and after regardless of the origin of their imports. However, firms that start to import from high income economies display stronger learning effects compared to those starting to import only from non-high income economies. We also test whether the effect of importing on TFP growth depends on the skill and technology content of imported products. We classify the firms into two groups based on the skill and technology intensity of their imported goods. The PSM-DID estimates are presented in Table 9 . ATTs for both groups are positive and highly significant for all three periods (at the 1% significance level, except for firms importing low skill and technology intensive products one year after the entry where the effect is only significant at the 10% level.) However, the magnitude of the learning from importing effect differs between the two groups. For firms that import high and medium skill and technology intensive products, the TFP growth is 11.9% higher for the import starters at the year of their entry compared to the control firms. These new importers maintain a steady TFP growth after entry with 15.5% and 17% higher TFP growth rate for the first and second year compared to the matched non-importers. For firms that import only low skill and technology intensive products, new importers have a 8.1% higher TFP growth than the control group at the year of entry into import markets. One year after entry, these new importers still have a 5.1% higher TFP growth than the matched non-importers, but only one-third of the growth rate of the new importers who source high and medium skill and technology intensive products. Two years after entry, new entrants importing only low skill and technology intensive products have 12.3% higher TFP growth than the control group, but this is still about 5% lower than firms that import high and medium skill and technology intensive products. Hence, although all new importers experience productivity growth in the year of entry to imports market, firms that import more skill and technology intensity products are found to learn more from importing. Our results highlight that the quality of imported products and the technology content of imports are important drivers of the magnitude of the learning effect.
Finally, we test the impact of the variety of imported inputs on the learning from importing effect. Results are presented in Table 10 . New importers are found to display higher TFP growth at entry year and two years afterwards regardless of the number of varieties imported. New entrants who import only one variety show a 6.5% higher TFP growth at the entry year and 8.6% and 9.3% for first and second year after entry than the control group of non importers. However, starters that import two or more varieties have much higher TFP growth rates, compared to the group of matched non-importers, with 13.1%, 13.4% and 16.1% higher TFP growth rates than the matched non-importers at entry year, first and second year after the entry respectively. 
Robustness Checks
In this section we perform a number of robustness checks. We start by examining whether the impact of importing on productivity varies for firms with different ownership structures. Compared to domestic firms, a much higher proportion of foreign and HMT owned firms import. Our data show that firms with foreign capital and private firms are more likely to import than state-owned firms. The results are presented in Table 11 . Except for collective firms, all other four types of firms show the learning effect of importing on TFP. However, the extent of the learning effect varies among different ownership categories. For foreign-owned firms, import starters have a 11.1% higher TFP growth than the group of matched non-importing firms in the year of entry. The TFP growth rate for these new entrants drops to 10.7% and then increases to 19.1% two years after entry. A similar but bigger learning effect is found for HMT new importers with the TFP growth rate for 16.2%, 18.4% and 21.1% for entry year, one year and two years after the entry. It is interesting to note that although only a small number of SOEs start to import, in the year of entry, these new import entrants do not experience significant TFP growth. However, in the years following entry these SOE new entrants enjoy a big increase of their TFP growth with 26.4% and 43.7% for first year and second year after the entry. For private firms, new importers have a rate of TFP growth that is 10.4% higher than that of matched non-importers in the year of entry. The gap continues to grow in the first and second years after entry to 13.8% and 18.1% respectively. We also investigate whether the learning effect differs by firm's size. The results are reported in Table 12 . For large firms the ATTs are not significant at usual levels in the year of entry and up to two years after entry. The ATTs for medium and small firms are all positive and significant suggesting a strong and positive learning effect for medium and small sized new importers. A 10.2% higher TFP growth is observed for small new importers at the entry and 10.7 % the year following the entry and 13% two years after. The ATTs for medium firms are 7.5%, 16.7 % and 17.8 % at entry year, one year and two years after the entry.
We also test the treatment effect of importing on productivity using an alternative TFP measure by Levinshon and Petrin (2003) . 24 The results are presented in Table 13 and estimates of the ATTs are very close to those with TFP_DL as reported in Table 6 .
Furthermore, as import entrants may exit from the imports market at some point during the period, we test the learning effect excluding the exiters and also test whether these import exiters ever learn from importing. Results for the sample excluding exiters are presented in Table 14 and for the sample of exiters only in Table 15 . Firms that start importing during our sample and continue being active in imports market exhibit a 11% higher TFP growth rate than the matched non-importers at the year they start importing. These firms continue to show a big increase of TFP growth after entry with 19.7% and 24.8% for first and second subsequent years. Compared with the results obtained for the whole sample which include firms that start importing and stop during the sample period (see results from Table 6 in the previous section), continuous new importers experience higher TFP growth since they start importing and up to two years after their entry.
When we look at firms that start importing and stop during the sample, the new importers still have about 10% higher TFP growth than the matched non-importers after entry. Compared with the results for the whole sample (Table 6 ) and the sample of surviving import starters (Table 14) , these import starter-exiters show the smallest TFP growth rates compared to the control group for the three years after entry. As the decision to import is likely to relate to the decision to export and thus all or part of the productivity growth of the firms may be due to the learning from exporting rather than from importing, We have performed an extra robustness check where we estimate the learning by importing effects on a sample of importers only. We perform our PSM-DID for importers only by dropping observations that export during the sample period. Results are presented in Table  16 . Focusing on the sample without exporters, the new importers are still found to have a 9% higher TFP growth than the matched non-importers at the year of entry and 10.8% and 13.1% higher for the first and second year after entry.
We have also performed PSM-DID estimation based on placebo treatments. From the sample of non-importers, we drew a random sample of firms (we chose a 5% proportion of the total sample) that we then considered to be import starters and implemented our PSM-DID estimator to compare their productivity growth to the matched control firms (Huber, Lechner and Wunsch, 2013) . We simulated this process 200 times and we found no significant learning effects resulting from the placebo treatment.
25
So far we have been examining the treatment effects of importing using PSM method. Matching algorithms frequently omit a significant proportion of the population when comparison groups are being constructed, thus limiting the ability to generalize from the results. An alternative approach is recommended to adjust for confounding by using estimated propensity scores to construct weights for individual observations (Hirano, Imbens and Ridder, 2003; Lunceford and Davidian, 2004; Curtis, Hammill, Eisenstein, Kramer and Anstrom, 2007) . As a final robustness check, we estimate the treatment effects using inverse probability weighting (IPW). IPW estimators use weighted averages of the observed outcome variable to estimate means of the potential outcomes. Each weight is the inverse of the estimated probability that an individual receives a treatment level.
Results are reported in Table 17 . The average treatment effect among the import starters on TFP growth rate is 10.6% at the year of entry to import market, which increases to 13.7% and 17.5% one and two years after entry. The results are almost identical to our main results obtained by Gaussian Kernel matching (Panel (a) of Table 6 ). NOTES: ATET is the average treatment effect among the treated while POM is the potential-outcome mean. Standard errors in parentheses and *** indicates significance at 0.01.
Conclusions
In this paper we have examined various aspects of the relationship between firm performance and international trade concentrating on the little explored relationship between importing and productivity. This paper presents an empirical analysis of the causal effects between productivity and importing using RE Probit model and propensity score matching with difference-indifferences approaches. Using Chinese manufacturing firm-level data we observe bi-directional causality between importing and productivity. Generally speaking, more productive firms selfselect into the imports market and after import-market entry on average firms experience productivity gains. However, these gains are not evenly distributed.
Our results show that compared to the matched non-importing firms, learning effects are stronger for firms that initially had lower productivity. The origin, quality and variety of imported products is also important. We find that import starters that source their inputs from high income economies have larger productivity gains than those that start to import only from non-high income economies. Furthermore, we find that new importers who import medium and high skill and technology intensive products and import more varieties of inputs display stronger learning effects.
Our finding of strong supporting evidence of learning-by-importing for Chinese manufacturers, in contrast to the results of Vogel and Wagner (2010) for German manufacturers and ACD (2013) for Spanish firms, may be because developed countries have long been exposed to foreign competition and had access to global import markets. However, in China's case, joining the WTO in 2001 marked a step change in the international opportunities available to Chinese firms. At this time, firms from China were more likely to be some distance from the technological frontier meaning Chinese firms would have been exposed to considerable learning opportunities from the use of superior inputs because of existing gaps in technology and product quality between them and potential new trading partners.
Our results have potentially important policy implications. First, because Chinese manufacturing firms appear to benefit from importing, China could derive additional productivity gains from further trade liberalization and might want to consider promoting trade liberalisation alongside continued export promotion. Recent senior trade delegations from China to the West and the subsequent highly publicised deals make it clear that China is interested in importing high quality intermediate inputs and attracting further foreign direct investment. Our result that indigenous firms and small-and medium-sized firms exhibit high productivity growth as they learn from importing means that government support to help these firms break into the imports markets and overcome potentially large sunk costs could be beneficial. Examples include lowering barriers to importing by providing more information on sources of intermediate inputs, lowering tariffs and arranging for such firms to attend overseas trade fairs and similar events and possible support mechanisms that policy makers could employ. a binary variable which equals 1 if a firm had both positive exports and positive imports and 0 otherwise START a binary variable which equals 1 if a firm starts importing and 0 otherwise age log of a firm's age: the report year minus the founded year of a firm wage log of average wage of employees of a firm (ratio of total wage bill to the number of employees) TFP_DL total factor productivity of a firm estimated by the method of De Leocker(2010) TFP_LP total factor productivity of a firm obtained from estimation of the semi-parametric approach of Levinsohn and Petrin (2003) employment log of the number of employees of a firm pregrowth difference of TFP between the year when a firm starts importing and 1 year before the entry SOE a dummy which equals 1 if a firm is state-owned and 0 otherwise COLLECTIVE a dummy which equals 1 if a firm is collectively-owned and 0 otherwise PRIVATE a dummy which equals 1 if a firm is private-owned and 0 otherwise FOREIGN a dummy which equals 1 if a firm with over 25% share of capital from foreign investors and 0 otherwise HMT a dummy which equals 1 if a firm with over 25% share of capital from Hong Kong, Taiwan or Macao investors and 0 otherwise SMALL a size dummy which equals 1 if a firm is a small firm and 0 otherwise. MEDIUM a size dummy which equals 1 if a firm is a medium firm and 0 otherwise. LARGE a size dummy which equals 1 if a firm is a large firm and 0 otherwise. EAST a region dummy which equals 1 if a firm is located in the East of China and 0 otherwise. CENTRAL a region dummy which equals 1 if a firm is located in Central area of China and 0 otherwise. WEST a region dummy which equals 1 if a firm is located in the West of China and 0 otherwise. NOTES: B is the absolute standardized difference of the means of the linear index of the propensity score in the treated and (matched) non-treated group and R is the ratio of treated to (matched) non-treated variances of the propensity score index. Rubin (2001) recommends that B be less than 25 and that R be between 0.5 and two for the samples to be considered sufficiently balanced. An asterisk is displayed next to B and R values that fall outside those limits. 
Appendix A
Appendix B
Total Factor Productivity Estimation
In this paper we measure TFP using the De Loecker (2007) approach. As in the standard Olley and Pakes (1996) model, a firm is assumed to be risk-neutral and to maximize its expected value of both current and future profits. The production function is set up as the follows:
where i and t denote firm and time, y, k and l are the logs of output as measured by value added, capital input and labor input respectively, ω is the transmitted productivity shock which impacts the firm's decision rules and η is an i.i.d component which is uncorrelated with input choices.
At the beginning of every period, the firm makes the following decisions. First, it makes a discrete decision to continue its operation or exit by comparing the continuation value with a one-time sell-off value. Secondly, conditional on staying in operation, it decides the level of labour input (l) and investment (i). Capital is accumulated according to the law of motion k it = (1 − δ)k it + i it and it is assumed that investment in the current period becomes productive the next period.
The demand for investment is a function of the firm's capital k and productivity ω:
Compared to firms that do not import, importing firms have some advantages, including the ability to access intermediate inputs that are not produced domestically to access better quality intermediate inputs and to potentially purchase intermediate-inputs at lower prices. Besides, past import status may have an impact on the evolution of productivity and importing materials may bring plants into close contact with foreign suppliers in developed countries, which may have a learning effect (Kasahara and Rodrigue 2008) . As a result, importing firms face different market structures and factor prices when the exiting and investment decisions are made. The investment function now depends on the additional state variable of import status.
where IM P it is a dummy of import status of firm i in time t.
As investment is a control on a state variable, it is costly to adjust and researchers often come across data with a substantial observations of 0 investment. To circumvent the problem NOTES: The base outcome is 0 imported variety. Column (1) reports the coefficients for importing one variety and Column (2) two and more varieties using maximum-likelihood multinomial logistic models. Industry and year dummies included. All time varying variables are lagged one year. Standard errors in parentheses. *** indicates significance at 0.01.
of firms with 0 investment, Levinsohn and Petrin (2003) suggest a modification of the Olley and Pakes (1996) m it = m t (k it , ω it , IM P it ) (B.4)
We can invert this demand function to obtain the productivity shock ω it as given by:
ω it = ω t (k it , m it , IM P it ) (B.5)
Substituting ω it with (B.5) to the production function in (B.1), we have:
where φ t (k it , m it , IM P it ) = β k k it + ω t (k it , m it , IM P it ).
In the first stage, OLS can be used to obtained a consistent estimate of β l from Equation (B.6) by substituting a third-order polynomial in the three variables, k it , m it and IM P it , to approximate φ t (.). Estimation is done industry by industry, adding the ownership and year dummies to capture the ownership and time effects.
In the second stage, the capital coefficient β k is estimated as the follows.
To correct the selection bias, the survival decision depends on import status through the productivity shock and through the capital accumulation process. If we define the indicator function χ it to be equal to 1 if firm i continues in operation at t and 0 if it exits, then the survival probability is determined on the information set J at time t by: P r{χ i(t+1) = 1|J it } = P r{ω i(t+1) ≥ ω i(t+1) (k i(t+1) , IM P it )|ω i(t+1) (k i(t+1) , IM P it ), ω it } = ψ{ω i(t+1) (k i(t+1) , IM P it ), ω it } = ψ it (k it , m it , IM P it ) ≡ P it (B.7)
We assume that productivity follows a first order Markov process:
where ξ i(t+1) is the innovation in productivity for the next period which depends on current productivity and import status and survival in the next period. Now consider the expectation of y i(t+1) − β l l i(t+1) conditional on information at t and survival:
E[y i(t+1) − β l l i(t+1) |k i(t+1) , χ i(t+1) = 1] = β 0 + β k k i(t+1) + E[ω i(t+1) |ω it , IM P it , χ i(t+1) = 1] ≡ β k k i(t+1) + g(ω i(t+1) , ω it ) (B.9)
Provided the density of ω i(t+1) conditional on ω it is positive in a region, ω i(t+1) , ω i(t+1) can be written as a function of P it and ω it from the survival equation in (B.7). We then can write g(.) as a function of P it and ω it .
Substituting P it and ω it into g(.), we have the following from Equation (B.1): y i(t+1) − β l l i(t+1) = β 0 + β k k i(t+1) + E[ω i(t+1) |ω it , IM P it , χ i(t+1) = 1] + ξ i(t+1) + η it = β 0 + β k k i(t+1) + g(P it , ω it ) + ξ i(t+1) + η it (B.10)
Using ω it = φ t (k it , m it , IM P it ) − β k k it from (B.6), we rewrite the first three terms of the right-hand side of Equation (B.10) as a function of φ t − β k k it and P it : y i(t+1) − β l l i(t+1) = β 0 + β k k i(t+1) + g(P it , φ it − β k k it ) + ξ i(t+1) + η it (B.11)
A consistent estimate of β k is obtained by running nonlinear least squares on Equation (B.11) by substituting the coefficient on labor β l obtained from the first stage, as well as the survival probability P it estimated from Equation (B.7). As in the first stage of the estimation procedure, the function g(P it , φ it − β k k it ) is approximated using a higher order polynomial expansion in P it and (φ it − β k k it ). NOTES: Standard errors in parentheses. *** , ** and * denote significance at 1%, 5% and 10% respectively.
